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Abstract 30 

Live fuel moisture content (LFMC) is a crucial variable affecting fire ignition and spread. 31 

Satellite remote sensing has been effective in estimating LFMC over large spatial scales, 32 

but continuous sub-daily (e.g., every 10 mins to hourly during daylight) LFMC 33 

monitoring from space is yet to be accomplished. Using the geostationary satellite 34 

Himawari-8 temporally dense observations every 10 mins, this study designed a 35 

generalized reduced gradient (GRG) numerical optimization method coupled with 36 

PROSAILH_5B radiative transfer model (RTM) to track the sub-daily LFMC dynamics. 37 

This method simultaneously accounted for the changing sun-target-sensor geometry bi-38 

directional reflectance distribution function (BRDF) effect on Himawari-8 AHI 39 

reflectance. LFMC field measurements from Australia and China validated the LFMC 40 

estimation from Himawari-8 AHI. In addition, they were also compared to estimates from 41 

two broadly used polar-orbiting satellites, the Landsat-8 OLI and Terra+Aqua MODIS. 42 

At the sub-daily scale, the LFMC estimated using the GRG method from Himawari-8 43 

AHI yielded reasonable accuracy (R2=0.61, rRMSE=20.78%). When averaged to a daily 44 

scale, the accuracy of LFMC estimation based on the Himawari-8 AHI was lower (R2: 45 

0.60-0.61, rRMSE=25.38%-26.58%) than that based on the Landsat-8 OLI (R2: 0.68-46 

0.79, rRMSE=18.11%-25.89%) and Terra+Aqua MODIS (R2: 0.63-0.76, 47 

rRMSE=19.73%-25.84%). However, after removing some heterogeneous measurements, 48 

the difference in the accuracy of LFMC estimates among these three data sources got 49 

smaller and improved (R2: 0.72-0.82, rRMSE=17.96%-23.84%). Furthermore, the 50 

method proved its feasibility and applicability to identify fire danger conditions through 51 

two wildfire case studies: one in Queensland (Australia, 2019) and another in Xichang 52 

(China, 2020). These studies showed that the wildfires started when the Himawari-8 AHI-53 

based sub-daily LFMC reached its daily minimum. Therefore, this study serves as a 54 

foundational step toward estimating sub-daily LFMC dynamics, an important yet 55 

overlooked factor in assessing sub-daily fire danger and behavior. 56 

 57 

Keywords: Wildfires; live fuel moisture content; sub-daily scale; Himawari-8; 58 

Geostationary satellite; Numerical optimization; Radiative transfer model59 
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1. Introduction 60 

Wildfires are becoming an increasing threat to many communities worldwide, 61 

releasing atmospheric greenhouse gases, accelerating global warming and climate change, 62 

and threatening human life and welfare (Argañaraz et al. 2015; Cao et al. 2013; Collins 63 

et al. 2021; Johnston et al. 2020; Jolly et al. 2015; Moritz et al. 2012; Nolan et al. 2020; 64 

Ward et al. 2020). Near real-time wildfire danger assessment over large areas is thus 65 

essential for early warning and management (Chuvieco et al. 2010) and to achieve the 66 

2015 United Nations 2030 Sustainable Development Goals (SDGs). Live fuel moisture 67 

content (LFMC), defined as the percentage of water content over dry mass, is a critical 68 

variable in fire ignition and spread to understand wildfire risk and its behavior (Gill et al. 69 

1978; Grootemaat et al. 2015; Quan et al. 2023; Quan et al. 2021c; Resco de Dios et al. 70 

2021; Vinodkumar et al. 2021; Yebra et al. 2013). Traditional field sampling for LFMC 71 

monitoring shows high accuracy, but is time-consuming, with high costs, and cannot be 72 

applied at large scales (Yebra et al. 2019a). Remote sensing techniques can estimate 73 

LFMC, providing the opportunity for spatial-temporal continuous monitoring from 74 

regional to global scales (Fan et al. 2018; Nolan et al. 2016; Quan et al. 2021c; Rao et al. 75 

2020; Yebra et al. 2013; Zhu et al. 2021). 76 

Previous studies reported LFMC estimates through different satellites, sensors, and 77 

reflectance products, such as Sentinel-2A/B (Sibanda et al. 2021), the Landsat series 78 

(Garcia et al. 2020; Quan et al. 2017), the Moderate Resolution Imaging 79 

Spectroradiometer (MODIS) reflectance products (Arganaraz et al. 2016; Myoung et al. 80 

2018; Yebra et al. 2008; Yebra et al. 2018; Yebra et al. 2019a; Zhu et al. 2021), and the 81 

Advanced Very High-Resolution Radiometer (AVHRR) (Garcia et al. 2008). Active and 82 

passive microwave remote sensing also produced LFMC estimates (Fan et al. 2018; Jia 83 
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et al. 2019; Rao et al. 2020; Tanase et al. 2015; Wang et al. 2019). While promising, these 84 

remote sensing technologies can only deliver data at a relatively low temporal resolution 85 

(1-16 days), with spatial resolution ranging from 10 m to the tens of km. Among them, 86 

MODIS is the most widely used remote sensing data for monitoring LFMC globally, 87 

given its moderate spatial resolution (250–1,000 m) and daily temporal resolution with a 88 

morning and an afternoon satellite overpass (Yebra et al. 2013). 89 

Despite advances in monitoring LFMC dynamics from daily to seasonal scales, 90 

methods to obtain the continuous sub-daily variations (e.g., every 10 mins to hourly 91 

during daylight) of LFMC are currently lacking. These sub-daily LFMC variations can 92 

be critical, when moving from a wet to a dry season. For example, this transition period 93 

lasts only one month in Mediterranean savannas, passing grasslands from fully turgid to 94 

completely dry (Luo et al. 2018). Another critical time is during the very high 95 

temperatures of the fire-prone season, when vegetation suffers changes in LFMC during 96 

the day because their roots are not able to replenish water losses by evapotranspiration. 97 

This fact was documented even for irrigated tree plantations from airborne hyperspectral 98 

data (Cheng et al. 2013; Cheng et al. 2014). Additionally, the knowledge of sub-daily 99 

dynamics of LFMC improves the understanding of wildfire danger variations over the 100 

course of a day, enhancing the ability for earlier assessment and control, as well as 101 

detection of sub-daily cycling of ecosystem processes (Jeong et al. 2023; Khan et al. 2021; 102 

Xiao et al. 2021). To this end, the Advanced Himawari Imager (AHI) onboard the new-103 

generation geostationary meteorological satellite Himawari-8 opens an opportunity for 104 

monitoring the sub-daily LFMC dynamics, with observations every 10 mins under Full 105 

Disk Mode. 106 

LFMC estimates from remotely sensed spectral data often rely on statistical 107 

correlations (Arganaraz et al. 2016; Marino et al. 2020; Nolan et al. 2016). These methods 108 
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are easy to implement, but their drawbacks are being sensor and site-specific (Caccamo 109 

et al. 2012; Quan et al. 2017; Yebra et al. 2018). In recent years, deep learning models 110 

have emerged as a promising data-driven alternative for large-scale LFMC mapping 111 

(Miller et al. 2022; Zhu et al. 2021). However, the accuracy of these models is heavily 112 

dependent on the availability of ground LFMC samples, thereby limiting their 113 

applicability to regions with limited or no ground LFMC measurements. Based on 114 

physical laws that consider the mechanistic influence of vegetation on electromagnetic 115 

waves, radiative transfer models (RTMs) provide replicable LFMC estimates with 116 

explicit connections to canopy spectra (Casas et al. 2014; Marino et al. 2020; Quan et al. 117 

2017; Riaño et al. 2005; Yebra et al. 2018).  118 

The LFMC estimated from RTM requires an appropriate method for model 119 

inversion. This typically involves the use of a lookup table (LUT) algorithm (Estevez et 120 

al. 2020; Jurdao et al. 2013; Qin et al. 2008; Quan et al. 2021a; Quan et al. 2021c; Yebra 121 

et al. 2013). The LUT algorithm is a comprehensive optimization technique that 122 

establishes the dimensions of the free variables and step length during the construction of 123 

the table. However, the construction of the LUT becomes challenging due to the 124 

requirement of multiple input parameters with various directional and spectral 125 

configurations (Qin et al. 2008). To use Himawari-8 AHI data, additional computational 126 

complexity is needed to account for changes in geometric observation parameters, such 127 

as solar zenith and satellite observation angles. To mitigate the LUT algorithm 128 

limitations, a numerical optimization-based approach can be employed. This method 129 

offers flexibility in dealing with arbitrary directional and spectral configurations, 130 

handling numerous variables, and accommodating a wide range of practical scenarios 131 

(Fang et al. 2003). 132 
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Within this context to improve wildfire planning, prescription, and suppression, this 133 

paper assesses the capability of Himawari-8 AHI data to retrieve sub-daily LFMC from 134 

RTM inversion through generalized reduced gradient (GRG) numerical optimization-135 

based algorithms with a two-stage inversion strategy. Multiple sources of prior 136 

knowledge iteratively constrained the PROSAILH_5B RTM (Feret et al. 2008; Verhoef 137 

1984) to improve the LFMC estimations. Field LFMC measurements from Australia and 138 

China validated the Himawari-8 AHI-based LFMC. In addition, results were also 139 

compared to Landsat-8 OLI and Terra+Aqua MODIS based LFMC estimates. 140 

2. Data 141 

2.1. LFMC field measurements  142 

LFMC measurements from five Australian and five Chinese sites validated LFMC 143 

estimations (Fig. 1 and Table 1). The LFMC from Chinese sites was sampled multiple 144 

times during one day between 10:00 AM to 4:00 PM, at 10 mins to 2 hours intervals, 145 

including one grassland site in Qinghai Lake Basin (QLB), three evergreen forest sites 146 

near the Xichang city (Xichang 1 and Xichang 2) and near the Dali city, and one evergreen 147 

forest site in Xisaishan site. The sampling period was selected before or during the fire 148 

season for each site. The Australian sites were in the Australian Capital Territory (ACT) 149 

and New South Wales (NSW), including one grassland site adjacent to Coppins Crossing 150 

Road (ACT, CCR), two evergreen forest sites in Namadgi National Park (NNP1, and 151 

NNP2), and two evergreen woodland sites in the Cumberland Plain woodland 152 

(Cumberland Plain SuperSite (NSW, CPS) and EucFACE site (NSW, EucFACE)). These 153 

Australian sites were sampled once a day between 10:00 AM and 2:00 PM to represent 154 

the highest fire danger conditions during the day.   155 
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The sample sites were selected to be relatively homogeneous and distributed with 156 

the same species. Specifically, the grassland sites (CCR and QLB) in Australia and China 157 

consisted of native grass, Pinus yunnanensis was predominant at the Xichang site and 158 

Dali site, while bamboo, Eucalyptus globulus Labill, E. tereticornis, E. fibrosa and E. 159 

moluccana were at the Xisaishan, the Namadgi, the EucFACE, and the CPS sites, 160 

respectively. To match the size of the Himawari-8 AHI pixel, each site had at least 4 km2, 161 

and was commonly larger. Within this size, the species, weather conditions, and terrain 162 

were generally consistent across the sites. Despite this, the LFMC validation can also face 163 

the additional challenge of the mixed pixel effect on such coarse 2 km Himawari-8 AHI 164 

pixels. To assess the homogeneity of the selected sites, the coefficient of variation (CV) 165 

was computed using the standard deviation (NDVISD) and mean (NDVImean) of 166 

normalized difference vegetation index (NDVICV, Eq. 1 and 2) values from Landsat-8 167 

OLI pixels within each Himawari-8 AHI pixel. The LFMC measurement of a given site 168 

served for validation only when the NDVICV was below 15%, as suggested by Quan et al. 169 

(2021c) (Fig. S1). 170 

𝑁𝐷𝑉𝐼 =
𝜌𝑁𝐼𝑅−𝜌𝑅𝑒𝑑

𝜌𝑁𝐼𝑅+𝜌𝑅𝑒𝑑
     (1) 171 

𝑁𝐷𝑉𝐼𝐶𝑉 =
𝑁𝐷𝑉𝐼𝑆𝐷

𝑁𝐷𝑉𝐼𝑚𝑒𝑎𝑛
× 100%     (2) 172 

Samples collected for LFMC and other variables in Chinese sites followed the same 173 

protocol, as in previously published studies (Quan et al. 2017; Yebra et al. 2013; Yebra 174 

et al. 2019b; Youngentob et al. 2016). The leaf area index (LAI, m2/m2) was measured 175 

using a fisheye camera system (Hemiview & EOS60D & Sigma EX DC4.5). A laser 176 

altimeter (ORPHA 800A) recorded the trees’ width, height, shape and crown type. 177 

Canopy and understory leaves were sampled to determine the range of chlorophyll a and 178 

b content (Cab, μg/cm2), leaf area (LA, cm2), equivalent water thickness (EWT, g/cm2), 179 
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and dry matter content (DMC, g/cm2). LA was measured in situ using a LI-3000C. A 180 

SPAD-502 portable meter measured Cab and converted to μg/cm2 units based on Eq. (3) 181 

(John et al. 1995). The LFMC was collected from both the canopy and understory layers 182 

on four sub-sites, including leaves from different branches and trees. Following the 183 

method described by Youngentob et al. (2016), leaves from the canopy were collected 184 

using an arborist throw-line launcher. The grassland LFMC was collected from all the 185 

aboveground live fuel. Placed in a sealed bag, the collected samples returned to the 186 

laboratory for weighing (𝑊𝑓𝑟𝑒𝑠ℎ) and then they were transferred to paper bags to be oven-187 

dried for 24 h at 105 °C (Matthews 2010). Once dried, the samples were weighed again 188 

to determine the dry weight (𝑊𝑑𝑟𝑦). The LFMC, EWT and DMC of each sample were 189 

calculated as the percentage difference of fresh and dry weight (Eq. 4-6). The mean 190 

LFMC value from these samples was calculated to represent the LFMC at that particular 191 

site. This approach minimized the effects of individual leaf variation and ensured that the 192 

sample size was sufficient for comparison across different times and seasons. The LFMC 193 

measurements for Australian sites were available from previously published works in 194 

Griebel et al. (2023); Nolan et al. (2022); and Yebra et al. (2018) (Table 1). 195 

0.265

ab 10 0.08955,  (1,100)SPADC SPAD                               (3) 196 

𝐿𝐹𝑀𝐶 =
𝑊𝑓𝑟𝑒𝑠ℎ−𝑊𝑑𝑟𝑦

𝑊𝑑𝑟𝑦
× 100%                                   (4) 197 

𝐸𝑊𝑇 =
𝑊𝑓𝑟𝑒𝑠ℎ−𝑊𝑑𝑟𝑦

𝐿𝐴
                                              (5) 198 

𝐷𝑀𝐶 =
𝑊𝑑𝑟𝑦

𝐿𝐴
                                                      (6) 199 

 200 
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 201 

Fig. 1 Validation sites in Australia and China with background map from the World 202 

Imagery (Environmental Systems Research Institute, ESRI, 203 

https://services.arcgisonline.com/arcgis/rest/services/World_Imagery/MapServer). 204 

Acronyms are explained in Table 1. 205 

 206 

Table 1. LFMC measurements in China and Australia. 207 

Country Sites Fuel class Sampling time Latitude Longitude Count Sources 

Australia 

Coppins Crossing 

Road (CCR) 
Grassland 

October 1, 2015 - 

April 20, 2016 
−35.2787 149.0559 33 

Yebra et al. 

(2018) 

Namadgi National 

Park 1 (NNP1) 
Forest 

October 1, 2015 - 

April 20, 2016 
−35.5979 148.8165 19 

Yebra et al. 

(2018) 

Namadgi National 

Park 2 (NNP2) 
Forest 

October 1, 2015 - 

April 20, 2016 
−35.6071 148.8657 18 

Yebra et al. 

(2018) 

Cumberland Plain 

SuperSite (CPS) 
Woodland 

December 3, 2018 - 

September 4, 2019 
−33.61 150.72 9 

Nolan et al. 

(2022) 

EucFACE Woodland 
August 23, 2018 – 

June 18, 2021 
−33.619 150.738 13 

Griebel et 

al. (2023) 

China 

Qinghai Lake 

Basin (QLB) 
Grassland 

July 28 - August 2, 

2015 
99.5861 37.2040 70 This study 

Xichang 1 Forest December 6-9, 2020 28.2569 102.2915 12 This study 

Xichang 2 Forest March 16-20, 2021 27.9277 102.2941 23 This study 
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Xisaishan Forest January 6-8, 2023 30.7801 119.9984 9 This study 

Dali Forest March 20-25, 2023 25.9942 100.3166 54 This study 

 208 

2.2. Satellite data 209 

2.2.1 Himawari-8 AHI data 210 

The Japan Meteorological Agency (JMA, https://www.eorc.jaxa.jp/ptree/) issues the 211 

standard Himawari-8 AHI albedo product (Level 1 Gridded full disk). The product is 212 

generated from the Himawari Standard Data, re-sampled to equal latitude-longitude grids, 213 

with 500m–2km spatial resolution and 10 mins temporal resolution. For each site in 214 

Australia and China (Table 1), this study downloaded the corresponding Himawari-8 AHI 215 

images between 9:00 AM and 5:00 PM (GMT+8 for China/GMT+10 for Australia) at 10-216 

mins intervals with 2km spatial resolution. Furthermore, Himawari-8 AHI images were 217 

geometrically corrected at nadir and atmospherically corrected with the Simplified and 218 

Robust Surface Reflectance Estimation Method (SREM) method (Bilal et al. 2019). The 219 

SREM was constructed based on the satellite signal in the solar spectrum radiative 220 

transfer model equations, without integrating information on aerosol particles and 221 

atmospheric gases.  222 

To select clear sky pixels, this study utilized the atmospheric parameter products, 223 

e.g., Aerosol Optical Thickness, Cloud Optical Thickness, and Cloud Type, obtained 224 

from the JAXA Himawari Monitor P-Tree System (Ishimoto et al. 2012, 2013; Letu et al. 225 

2016; Letu et al. 2014; Letu et al. 2019; Letu et al. 2012; Masuda et al. 2012; Nakajima 226 

et al. 2011). These products are available every 10 mins at 5 km scale for full-disk. 227 

Analysis of all these products and their cross-validation ensured the accuracy. The sky 228 

conditions based on the weather conditions observed during fieldwork designated pixels 229 

depicting clear skies. Finally, the Cloud Optical Thickness product was selected to 230 
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identify the weather conditions corresponding to the fieldwork records. By considering 231 

this product and the NDVICV < 15% (Eq. 2), 18 grassland measurements and 7 forest 232 

LFMC measurements were excluded from the assessment of satellite-derived LFMC 233 

estimates. 234 

2.2.2 Landsat-8 OLI 235 

Landsat-8 OLI standard reflectance product was downloaded from the United States 236 

Geological Survey (USGS, https://earthexplorer.usgs.gov). This product includes seven 237 

bands spanning from visible (VIS) to shortwave infrared (SWIR), with a spatial resolution 238 

of 30 m, and is updated every 16 days. This analysis retained only the matches between 239 

field measurements and the closest available time for a Landsat-8 image. Additionally, a 240 

quality assurance (QA) value of 322 in the Landsat-8 OLI QA product selected cloud-241 

free observations. 242 

2.2.3 Terra+Aqua MODIS  243 

The Nadir Bidirectional Reflectance Distribution Function Adjusted Reflectance 244 

(MCD43A4.006) (Schaaf et al. 2002), the Fraction of Photosynthetically Active 245 

Radiation (FPAR) and LAI (MCD15A3H.006) (Myneni et al. 2002) MODIS products 246 

were downloaded from the Land Processes Distributed Active Archive Center (LPDAAC) 247 

at the USGS Earth Resources Observation and Science Center (EROS) 248 

(http://lpdaac.usgs.gov). The selection of the Quality Assessment flag with ideal quality 249 

(QA=0) of the closest time at each location within 16 days ensured the excellence of the 250 

500 m MCD43A4.006 reflectance data. The MCD15A3H.006 consists of a 4-day LAI 251 

composite at 500 m. Only ‘good quality’ pixels without cloud, snow, and shadow 252 

according to the “FparLai_QC” and “FparExtra_QC” layers provided the initial LAI 253 

value to estimate LFMC in the numerical optimization process (Section 3.5). 254 
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 255 

3. Methods 256 

Prior information from field measurements and literature review parameterized the 257 

PROSAILH_5B RTM with ecological rules to constrain the RTM inversion. The 258 

numerical optimization method of GRG optimized the RTM for robust and accurate 259 

LFMC estimation from Himawairi-8 AHI, Landsat-8 OLI, and MCD43A4 products. 260 

Furthermore, the free variables in the PROSAILH_5B RTM have different spectral 261 

sensitivities. To address this issue, a two-stage inversion strategy optimized the sensitive 262 

variables first and then the least-sensitive variables. Finally, the field LFMC campaigns 263 

conducted once a day in Australia and sub-daily in China validated the LFMC estimates 264 

from Himawari-8 AHI, and served for comparison between the performance of LFMC 265 

estimates from the three above mentioned remote sensing products. 266 

3.1 PROSAILH_5B parameterization 267 

The PROSAILH_5B RTM estimated LFMC from Himawari-8 AHI data. The 268 

performance of this RTM to estimate LFMC has been widely verified and applied in 269 

previous studies (Quan et al. 2015; Quan et al. 2017; Riaño et al. 2005; Yebra and 270 

Chuvieco 2009; Yebra et al. 2018). It takes the output of leaf reflectance and 271 

transmittance of the PROSPECT leaf optical model (Feret et al. 2008; Jacquemoud and 272 

Baret 1990) into the canopy bidirectional reflectance SAILH model (Scattering by 273 

Arbitrary Inclined Leaves with a hot spot) (Kuusk 1991; Verhoef 1984). 274 

PROSPECT leaf optical model is widely applied for broad leaves and it is still 275 

reasonable for needle leaves (Cheng et al. 2006). PROSPECT-5 requires leaf variables, 276 

such as leaf structure parameter (N, unit-less), DMC (g/cm2), EWT (g/cm2), and main 277 

pigment contents, i.e., Cab (μg/cm2), leaf brown pigment content (Cbp, unit-less) and 278 
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carotenoid content (Car, μg/cm2). To simulate the canopy spectra, SAILH also requires 279 

LAI, hot spot factor (hspot, unit-less), two leaf inclination distribution function 280 

parameters (LIDFa and LIDFb), sun zenith angle (tts, °), observer zenith angle (tto, °), 281 

relative azimuth angle (psi, °) and a soil factor (psoil, unit-less) ranging from 0 (wet soil) 282 

to 1 (dry soil) to characterize the soil moisture level. 283 

Based on the field measurements and previous studies (Casas et al. 2014; Quan et 284 

al. 2015; Quan et al. 2017; Yebra et al. 2008), the input values in Table 2 parameterized 285 

PROSAILH_5B RTM. The least sensitive parameters, i.e., N, Cbp, Car, and hspot were set 286 

to the empirical values for grassland and forest regions (N=2, Cbp=0, Car=8 μg/cm2, 287 

hspot=0.01). LIDF was set to erectophile, spherical, and planophile for grasslands (Wang 288 

et al. 2013) and ellipsoidal for forests (Casas et al. 2014). Following previous PROSAILH 289 

studies (Bowyer and Danson 2004; Casas et al. 2014; Quan et al. 2021c; Riaño et al. 2005; 290 

Yebra and Chuvieco 2009; Yebra et al. 2008), LFMC estimation was sensitive to the 291 

vegetation and soil variables of Cab, EWT, DMC, LAI, and psoil. Therefore, they were 292 

set as free variables. The geometric parameters (i.e., tto, tts, psi) are available in each 293 

satellite metadata and vary according to the sampling date, region, latitude, and sensor 294 

type, challenging the model parameterization in Table 2. 295 
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 296 

Table 2. PROSAILH_5B parameterization for Himawari-8 AHI based LFMC estimations in Australia and China. 297 

RTMs Input parameters Variable Unit 

 

China  Australia 

PROSPECT-5 

Leaf structure parameter N /  2  2 

Chlorophyll a + b content Cab μg/cm2  20-60  20-60 

Equivalent water thickness EWT g/cm2 
 0.001-0.03 (Grassland); 0.004-

0.02 (Forest) 
 

0.001-0.017 (Grassland); 0.001-

0.03 (Forest/Woodland) 

Dry matter content DMC g/cm2 
 0.005-0.015 (Grassland); 0.001-

0.015 (Forest) 
 

0.005-0.015 (Grassland); 0.001-

0.015 (Forest/Woodland) 

Brown pigment Cbp /  0  0 

Carotenoid content Car μg/cm2  8  8 

SAILH-4 

Sun zenith angle tts °  30-50  14-55 

View zenith angle tto °  30-60  30-50 

Relative azimuth angle psi °  0-130  2-64 

Leaf area index LAI m2/m2 
 0.1-7.0 (Grassland); 0.5-3.0 

(Forest) 
 

0.3-3.5 (Grassland); 0.3-5.0 

(Forest/Woodland) 

Hot spot factor hspot /  0.01  0.01 

Two leaf inclination distribution 

function (LIDF) parameters 

LIDFa 

/ 

 
Grassland (erectophile, spherical, 

and planophile); Forest 

(ellipsoidal) 

 Grassland (erectophile, spherical, 

and planophile); Forest/Woodland 

(ellipsoidal) LIDFb 
 

 

Soil factor psoil / 
 

0.2-1.0 (Grassland); 0.3-1.0 

(Forest) 
 

0.3-1.0 (Grassland); 0.2-1.0 

(Forest/Woodland) 

 298 
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3.2 Ecological rules 299 

A major challenge for RTM-based LFMC estimations is the broadly known ill-posed 300 

inversion problem, in which different RTM input combinations correspond to almost 301 

identical spectra (Quan et al. 2015; Yebra and Chuvieco 2009; Yebra et al. 2013). 302 

Consequently, it confuses the inversion to retrieve LFMC accurately. Yebra and 303 

Chuvieco (2009) pointed out that the RTM input variables are not independent of each 304 

other, but they are naturally correlated. Ignoring this fact generates unrealistic spectra that 305 

aggravate this ill-posed inversion problem.  306 

To address this issue, ecological rules regularize the RTMs to make the LFMC 307 

simulation scenario more realistic (Quan et al. 2021c; Yebra et al. 2008). Here, the 308 

ecological rules among LFMC, LAI, and EWT were mainly derived from the field 309 

measurements taken in this study and also from the measurements in LOPEX1993 310 

(Hosgood et al. 1995) and ANGERS2003 (Feret et al. 2008) leaf optical properties 311 

databases (Fig. 2). This prior information is explained in detail in Quan et al. (2021b). 312 

According to field measurements, Chinese sites exhibited an overall clear positive linear 313 

relationship between LFMC and LAI (R2=0.37, p<0.05) or EWT (R2=0.18, p<0.05) for 314 

grasslands, as well as LAI for forest (R2=0.43, p<0.05). In Australia, there was a strong 315 

correlation between grassland LFMC and LAI estimates form MCD15A3H.006 316 

(R2=0.90, p<0.05), whereas forest LFMC showed a weaker correlation with LAI 317 

(R2=0.29, p<0.05). Following Quan et al. (2021c), the RTM modelling phase introduced 318 

these relationships by adopting Eq. (7) to calculate the joint posterior probability 319 

distribution of the more likely variable combinations:  320 

𝑓(𝑥, 𝑦) = (1 −
𝑔(𝑥,𝑦)

𝑀𝐴𝑋(|𝑔(𝑥,𝑦)|)
)𝑟×𝑘                                       (7) 321 
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where x and y are the variables between LAI, LFMC, and EWT; the f(x,y) is the joint 322 

posterior probability distribution of x and y variables; g(x,y) is the fitted function in Fig. 323 

2; r is the correlation coefficient and k is a controlling factor that a higher k value can 324 

generate more constrained variable combinations (k = 10, following  Quan et al., 2021b). 325 

This approach removed unrealistic simulation scenarios. 326 

 327 

Fig. 2 Scatterplots of the relationships between LFMC and LAI or EWT for forest (a) and 328 

grasslands (b-c) in China; and forests (d) and grasslands (e) in Australia. Only the 329 

relationships with p<0.05 were shown here and selected as ecological rules to constrain 330 

the RTM inversion. 331 

3.3 The numerical optimization GRG method  332 

The RTM-LUT inversion is broadly preferred as an optimization method in the 333 

literature (Casas et al. 2014; Jurdao et al. 2012; Quan et al. 2021c; Yebra et al. 2018). 334 

Nevertheless, it is not computationally feasible to apply it for the Himawari-8 AHI-based 335 

LFMC estimation here. The changing sun-target-sensor geometry every 10 minutes 336 

would make the LUT dimension extremely high to account for the BRDF effect properly. 337 
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The built LUT would also be infeasible when applied to other regions with different 338 

circumstances than China and Australia, since the changing rates in tto, tts, and psi vary 339 

from region to region. Additionally, arbitrary prior linear or non-linear information 340 

cannot be updated into the inversion process without rebuilding the LUT. To overcome 341 

this situation, this study applied a GRG to optimize the RTM. Arbitrary directional and 342 

spectral configurations with numerous variables and prior information can easily extend 343 

this method. GRG solves the optimization problem with the gradient and feasible 344 

direction of the target function. This method requires a cost function determination 345 

between the simulated and observed spectrum. To build this cost function (T, Eq. 8), this 346 

study selected the most broadly used Vegetation indices (VIs) that are sensitive to 347 

vegetation moisture variation (Caccamo et al. 2012; Nolan et al. 2016; Quan et al. 2017; 348 

Quan et al. 2021c; Yebra and Chuvieco 2009; Yebra et al. 2018): NDVI (Eq. 1), enhanced 349 

vegetation index (EVI, Eq. 9), normalized difference infrared index (NDII, Eq. 10) and 350 

visible atmospheric resistant index (VARI, Eq. 11). 351 

 352 

𝑇 = √∑(𝑉𝐼𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 − 𝑉𝐼𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛)2 , 𝑉𝐼 ∈ (𝑁𝐷𝑉𝐼, 𝐸𝑉𝐼, 𝑁𝐷𝐼𝐼 𝑎𝑛𝑑 𝑉𝐴𝑅𝐼) (8) 353 

𝐸𝑉𝐼 = 2.5 ×
𝜌𝑁𝐼𝑅−𝜌𝑅𝑒𝑑

𝜌𝑁𝐼𝑅+6×𝜌𝑅𝑒𝑑−7.5×𝜌𝐵𝑙𝑢𝑒+1
    (9) 354 

𝑁𝐷𝐼𝐼 =
𝜌𝑁𝐼𝑅−𝜌𝑆𝑊𝐼𝑅

𝜌𝑁𝐼𝑅+𝜌𝑆𝑊𝐼𝑅
     (10) 355 

𝑉𝐴𝑅𝐼 =
(𝜌𝐺𝑟𝑒𝑒𝑛−𝜌𝑅𝑒𝑑)

(𝜌𝐺𝑟𝑒𝑒𝑛+𝜌𝑅𝑒𝑑−𝜌𝐵𝑙𝑢𝑒)
    (11) 356 

where VIobservation and VIsimulation are the four observed VIs from satellite observations and 357 

simulated VIs from PROSAILH_5B RTM, respectively. The ρNIR, ρRed, ρGreen, ρBlue, and 358 

ρSWIR are the NIR, Red, Green, Blue, and SWIR reflectance bands, respectively. 359 

Furthermore, the spectral response functions for each band of the Himawari-8 AHI 360 

convolved the simulated spectra and VI to match the actual Himawari-8 AHI data. 361 
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Traditionally, the LFMC estimation is a constrained optimization problem and can 362 

be described in Eq. (8). The cost function T can be expressed as a composite function of 363 

five free variables, i.e., Cab, EWT, DMC, LAI, and psoil (Eq. 12 and 13). For simplicity, 364 

the variable LFMC substituted the variable DMC in the inversion procedure 365 

(LFMC=EWT/DMC×100%) (Yebra et al. 2013). The optimal solution is the set of input 366 

variables corresponding to the minimum T value (min T (X)). 367 

min ( )    

   

ab abC Cab

EWT EWT

LFMC LFMC

LAI LAI

psoil psoil

T

l uC

l uEWT

LFMC l u

LAI l u

psoil l u

 

    
    
    
      
    
    
    

     

X X

X

l u

l u
    (12) 368 

𝑉𝐼𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 = 𝑃𝑅𝑂𝑆𝐴𝐼𝐿𝐻(𝐶𝑎𝑏, 𝐸𝑊𝑇, 𝐿𝐹𝑀𝐶, 𝐿𝐴𝐼, 𝑝𝑠𝑜𝑖𝑙)  (13) 369 

where X is the vector of independent free variables in PROSAILH_5B RTM, i.e., X= 370 

(Cab, EWT, LFMC, LAI, psoil), with an upper boundary (u) and lower boundary (l). The 371 

PROSAILH_5B parameterizations determine the initial boundaries (Table 2).  372 

The partial derivative of each variable (the ith component of X, i.e., xi) in the function 373 

follows the chain rule shown in Eq. (14). However, the direct calculation of the partial 374 

derivative of each variable is highly complicated, since the cost function T contains the 375 

complex PROSAILH_5B function. Hence, the TAPENADE toolkit (version: 3.6, 376 

https://team.inria.fr/ecuador/en/tapenade), an Automatic Differentiation Engine 377 

developed by the Tropics and Ecuador teams, solved the gradient (𝛻𝑇) to search for the 378 

optimal solution. This toolkit obtains the partial T derivative to each variable (xi) 379 

establishing the adjoint PROSAILH_5B model (Qin et al. 2008), which is defined as the 380 

partial derivative of this model to each variable (xi), i.e., 
𝜕𝜌(𝑿)

𝜕𝑥𝑖
. 381 
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{
𝛻𝑇 = (

𝜕𝑇

𝜕𝐶𝑎𝑏
,

𝜕𝑇

𝜕𝐸𝑊𝑇
,

𝜕𝑇

𝜕𝐿𝐹𝑀𝐶
,

𝜕𝑇

𝜕𝐿𝐴𝐼
,

𝜕𝑇

𝜕𝑝𝑠𝑜𝑖𝑙
)

𝜕𝑇

𝜕𝑥𝑖
= (

𝜕𝑇

𝜕𝑦
|𝑦=𝜌(𝑿))

𝜕𝜌(𝑿)

𝜕𝑥𝑖
, 𝜌(𝑿) = 𝑃𝑅𝑂𝑆𝐴𝐼𝐿𝐻(𝑿)

   (14) 382 

To solve constrained numerical optimization problems, the GRG first calculates the 383 

feasible direction gradient (dk), considering the boundary conditions of the variables using 384 

Eq. (15). 385 
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  (15) 386 

where 𝑙𝑖
𝑘 is the lower bound (lk) of xi in the kth iteration and 𝑢𝑖

𝑘 is its upper bound (uk). 387 

The PROSAILH_5B model parameterizations and constraints described in Eq. (8) 388 

determine the xi bound (see Section 3.1). The rule in Eq. (16) determines the search step 389 

length (λk), where λ0 is the maximal step. 390 
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l u≤ ≤   (16) 391 

If λk is found, Eq. 17 updates X and then lk and uk, according to the constraints in 392 

Fig. 2 and Eq. (7). 393 
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Finally, when Eq. (18) meets the condition, the iteration stops and exports Xk+1. 395 

|𝒅𝑘+1| = √(𝑑𝐶𝑎𝑏

𝑘+1)2 + (𝑑𝐸𝑊𝑇
𝑘+1 )2 + (𝑑𝐿𝐹𝑀𝐶

𝑘+1 )2 + (𝑑𝐿𝐴𝐼
𝑘+1)2 + (𝑑𝑝𝑠𝑜𝑖𝑙

𝑘+1 )2 ≤ 𝜀  (18) 396 

where dk+1 is the feasible direction gradient in the k+1th iteration and ε is the margin of 397 

deviation. 398 

3.4 Two-stage inversion strategy 399 

As shown in Table 3, the five free variables have different sensitivities to the canopy 400 

spectra. EWT, LAI, and psoil are sensitive to the canopy spectra with the high absolute 401 

partial derivative of T (i.e., | 𝝏𝑻

𝝏𝒙
| in Table 3), whereas LFMC and Cab, are weakly sensitive 402 

to the simulated canopy reflectance with much slighter gradients (i.e., 10-4 - 10-3). If 403 

deriving all five parameters simultaneously, slow convergence speed and small search 404 

step length occur. To solve this issue, a two-stage inversion strategy estimates firstly the 405 

sensitive parameters (LAI, EWT, and psoil as X) and secondly the weak ones (LFMC and 406 

DMC as X') (Fig. 3). T1 is the function of the sensitive parameters in the first stage, in 407 

which the updated LFMC and Cab are input as constants. Meanwhile, T2 is the LFMC and 408 

Cab function in the second stage, with EWT, LAI, and psoil updated in the first stage as 409 

constants. To match the different sensitivity of these five variables, the deviation margins 410 

(ε1 and ε2) are also set to be different. The initialization parameters (λ0 and ε) are 411 

determined at the beginning of the LFMC inversion procedure, since they affect the 412 

convergence speed and accuracy of the estimation. The smaller λ0 and ε give rise to slower 413 

convergence with higher accuracy. In the numerical iteration process, the original range 414 

of each free variable (Table 3) and ecological rules (Fig. 2) constrain the upper and lower 415 

boundaries of each free variable to alleviate the ill-posed inversion problem by: 416 
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(19) 418 

where lk is the lower bound of Xk in the kth iteration and uk is the upper bound. 419 

 420 

Fig. 3 Methodological flowchart for the two-stage inversion strategy. 421 

Due to the higher gradient of EWT, LAI, and psoil than LFMC and Cab, these three 422 

free variables can fall into a local optimum. To solve this problem, a step search strategy 423 

creates a grid with the initial parameters (i.e., EWT, LAI, and psoil) in terms of their 424 

ranges and mean values (Table 3) in the first stage. This procedure reaches the final 425 
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optimization by integrating the objective function values and the corresponding derivative 426 

values. 427 

Table 3. Sensitivity and initialization of free variables at the two stages 428 

Stage Variables |
𝝏𝑻

𝝏𝒙
|ranges 

Stage1 

EWT 0.1 - 10 

LAI 0.1 - 2 

psoil 0.1 - 2 

Stage2 
LFMC 

10-4 - 10-3 
Cab 

3.5 Initialization parameters of the GRG-PROSAILH_5B 429 

For robust, accurate, and effective LFMC estimation, Table 4 summarizes the 430 

suitable combination of the initialization of five free parameters, λ0, and ε. The average 431 

field measurements of 0.017 g/cm2 for grasslands and 0.01 g/cm2 for forests in the 432 

Chinese sites and 0.01 g/cm2 in the Australian sites set the initial EWT, based on the field 433 

measurements and leaf optical properties databases (Fig. 2). The MCD15A3H LAI 434 

product set the initial LAI, averaged within a Himawari-8 AHI pixel scale, for the 435 

corresponding sampling time and sites in China and Australia. The psoil initial was 0.5, 436 

representing a moderate soil moisture condition. The empirical equation between LFMC 437 

and LAI (from the MCD15A3H product) rendered the initial LFMC (Fig. 2), while the 438 

average value of the feasible range provided the initial Cab to 40 μg/cm2.  439 

In the first stage of the LFMC inversion procedure, λ0 was 1 for grasslands and 440 

forests with a narrow feasible range of 1-10. The ε1 settings were 0.1 for grasslands and 441 

4 for forests since there was a larger T gradient to the sensitive parameters (EWT, LAI, 442 

and psoil). In the second stage, the maximum step length (λ′0) was limited to the wide 443 

feasible range (500-5000), due to the smaller T gradient to weakly sensitive parameters, 444 

LFMC and Cab. Here, the λ′0 for grasslands and forests were fixed to 2000 and 1000, 445 
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respectively. The deviation margin (ε2) has a much narrower range of 10-6-10-5 and it was 446 

fixed as 10-6, to ensure the LFMC estimations accuracy.  447 

Table 4. Range and initialization parameters values for LFMC estimations. 448 

Stage Parameters 
Ranges Initial values 

Grassland Forest Grassland Forest 

stage1 

𝜆0 1-10 1 

𝜀1 0.1-1 1-5 0.1 4 

EWT 

/ 

0.017g/cm2 (China) 

0.01g/cm2 (Australia) 

0.01g/cm2 (China) 

0.01g/cm2 (Australia) 

LAI MCD15A3H/measured LAI 

psoil 0.5 

stage2 

𝜆0
′  500-5000 2000 1000 

𝜀2 10-6-10-5 10-6 

LFMC 
/ 

𝐿𝐹𝑀𝐶𝐿𝐴𝐼 = 𝑔(𝐿𝐴𝐼0), in Fig. 2 

Cab 40μg/cm2 

3.6 Assessing LFMC estimations 449 

3.6.1 Validation with in-situ measurements 450 

The in-situ LFMC measurements from ten sites in Australia and China in Table 1 451 

and Fig. 1 validated the sub-daily LFMC estimation from the Himawari-8 AHI data. The 452 

LFMC measurements obtained from the Chinese sites were taken at the sub-daily scale 453 

to validate the LFMC estimation derived from the closest time in the Himawari-8 AHI 454 

data. Conversely, the LFMC measurements acquired from the Australian sites were 455 

collected on a daily scale, specifically between 10:00 AM and 2:00 PM. Therefore, the 456 

LFMC was initially estimated during this time and subsequently averaged to be compared 457 

with the daily sampled LFMC measurements. The GPS was used to determine the 458 

location of the sampling plots to match the Himawari-8 AHI pixel. As detailed in section 459 

2.1, each site was homogeneous at the pixel size to ensure that the LFMC measurements 460 

aligned with the Himawari-8 AHI observation. Subsequently, the corresponding optimal 461 

Himawari-8 AHI pixel was chosen to be positioned within each site, while making efforts 462 

to avoid mixing it with bare soil, water bodies, buildings, and other non-vegetation 463 

obstructions.  464 
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Two metrics characterized the LFMC estimates accuracy level, R2 (Eq. 20) and 465 

relative RMSE (rRMSE, Eq. 21 and 22). 466 

𝑅2 = 1 −
∑ (𝑀𝑘−𝐸𝑘)2𝑚

𝑘=1

∑ (𝑀𝑘−𝑀𝑘̅̅ ̅̅̅)2𝑚
𝑘=1

                (20) 467 

𝑅𝑀𝑆𝐸 = √
∑ (𝑀𝑘−𝐸𝑘)2𝑚

𝑘=1

𝑚
                       (21) 468 

𝑟𝑅𝑀𝑆𝐸 =
𝑅𝑀𝑆𝐸

𝑀𝑚̅̅ ̅̅ ̅
                            (22) 469 

where Mk and Ek are the kth measured and estimated LFMC, 𝑀𝑚
̅̅ ̅̅ ̅ is the mean value of 470 

LFMC measurements and m is the number of observations. The rRMSE is calculated as 471 

RMSE divided by the mean of the variable measured in the field. The rRMSE allows the 472 

comparison between variables of different ranges, since it is insensitive to the magnitude 473 

of values and less sensitive to outliers (Casas et al. 2014; Richter et al. 2012). 474 

3.6.2 LFMC estimates from Landsat-8 OLI and MCD43A4 at daily scale 475 

This study also compared the daily scale LFMC estimations between Himawari-8 476 

AHI and those taken at the same time once a day from broadly used polar-orbiting 477 

Landsat-8 OLI and MODIS satellites. The averaged LFMC estimated from the Himawari-478 

8 AHI data between 10:00 AM and 10:40 AM was compared to the Landsat-8 OLI data, 479 

since the Landsat-8 OLI overpasses these sites around that time. Likewise, the average 480 

LFMC estimated from the Himawari-8 AHI data between 10:30 AM and 1:30 PM was 481 

compared to that from MCD43A4 MODIS product that combines data from MODIS 482 

Terra ~10:30 AM and MODIS Aqua ~1:30 PM overpasses.  483 

To assess the potential impact of varying spatial resolution from different image 484 

sources on LFMC estimates, this study estimated LFMC from Landsat-8 OLI and 485 

MCD43A4 in two ways: using their original spatial resolution of 30 m for Landsat-8 OLI 486 

and 500 m for the MCD43A4, as well as resampling them to 2 km to match the resolution 487 

of AHI data. To evaluate the effect of homogeneity on LFMC estimate, two possible 488 
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thresholds of <15% or <10% NDVICV from Landsat-8 OLI restricted the LFMC 489 

measurements for validation. The LFMC estimation process was consistent across all 490 

three satellite datasets, except for tts, tto, and psi parameters for the Landsat-8 and 491 

MCD43A4 (Table 5), which were sourced from the metadata of each respective satellite 492 

image.  493 

 494 

Table 5. Parameterization of tts, tto, and psi in PROSAILH_5B for LFMC estimation from the 495 
Landsat-8 OLI and Terra+Aqua MODIS data. 496 

Parameters Unit 
China  Australia 

Landsat-8 MODIS  Landsat-8 MODIS 

tts ° 30-50 30-55  14-48 14-48 

tto ° 0 10  0 10 

psi ° 0 0  0 0 

 497 

3.6.3 LFMC application to the Queensland and Xichang wildfire cases 498 

This study further examined whether the Himawari-8 AHI can track the sub-daily 499 

changes in LFMC before the occurrence of wildfires. For this purpose, the Xichang 500 

wildfire in southwest China and the Queensland wildfire in southeast Australia were 501 

analysed (Fig. 4). The Xichang wildfire, which occurred on March 30th, 2020, affected 502 

an area of 3,047 ha and mainly comprised evergreen forests. It is the latest severe wildfire 503 

event in China, resulting in the unfortunate lost of 19 firefighters during suppression 504 

efforts. Meanwhile, the Australia 2019/2020 fires led to extensive forest destruction in 505 

southeastern Australia, as documented in previous studies (Bowman et al. 2020; Collins 506 

et al. 2021; Nolan et al. 2020). The selected case study for the Queensland wildfire started 507 

on September 4th, 2019, and encompassed an area of 10,000 ha. This site consisted of 508 

open shrublands, a mixture of woody savannas, and evergreen broadleaf forests, as 509 

determined by the MODIS land cover product MCD12Q1 Collection 6. 510 
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 511 

Fig. 4 Wildfire locations in Xichang and Queensland, depicted alongside a false colour 512 

composite from Sentinel-2 Multispectral Instrument (MSI) captured on May 4th, 2020, 513 

for the Xichang wildfire and September 15th, 2019, for the Queensland wildfire. The 514 

composite showcases the NIR, Red, and Blue channels, highlighting burned areas in dark 515 

tones due to their distinct spectral signatures 516 

 517 

4. Results 518 

4.1 Validation of Himawari-8 AHI estimates with in-situ data 519 

Fig. 5 presents the overall accuracy of field-measured LFMC versus estimated sub-520 

daily LFMC from Himawari-8 AHI data (R2=0.61, rRMSE=20.78%, p<0.05). At the sub-521 
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daily scale, LFMC varies across days for the five sites within the fire season as illustrated 522 

in Fig. 6. Both the measured and estimated LFMC exhibit a general decreasing trend from 523 

morning to afternoon. The relatively high LFMC value observed before noon declined 524 

between 1:00 PM and 3:00 PM, but partially recovered between 3:00 and 4:00 PM on 525 

most days (Fig. 6). However, there was no decline in LFMC between 1:00 and 3:00 PM 526 

on July 31st, 2015 for the QLB site. This can be explained by the limited rainfall during 527 

that time, as evidenced by tracking the rainfall history in this area (Fig. S2). While the 528 

small amount of rainfall temporarily increased the LFMC, the intense solar radiation 529 

quickly dried out the grass. This could potentially account for the observed decline in 530 

LFMC after 14:40. 531 

 532 

Fig. 5 LFMC field measurements versus LFMC estimations from Himawari-8 AHI data. 533 

 534 
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 535 

 536 

Fig. 6 Measured LFMC (green) with their standard deviation error bars (shaded green 537 

areas) versus estimated LFMC (red) from GRG-PROSAILH_5B model with their 538 

standard deviation after multiple iterations (shaded red areas) to validate sub-daily LFMC 539 

dynamics from Himawari-8 AHI at Chinese sites. 540 

 541 

4.2 Comparison of LFMC estimates between Himawari-8 AHI, MCD43A4, and Landsat-542 

8 OLI at daily scale 543 

At the daily scale, a comparison of LFMC estimates between Himawari-8 AHI and 544 

MCD43A4 using a filter for site homogeneity of NDVIcv <15% revealed that the LFMC 545 

estimates from MCD43A4 had the highest accuracy (R2=0.76, rRMSE=19.73%, p<0.05) 546 

(Fig. 7 a). The LFMC estimates from Himawari-8 AHI and resampled MCD43A4 547 

demonstrated comparable accuracy (R2=0.61, rRMSE=25.38%, p<0.05 and R2=0.63, 548 

rRMSE=25.84%, p<0.05, respectively). When a more restrictive filter of NDVICV < 10% 549 

for homogeneity testing was applied, the accuracy of all three cases increased (Fig. 7 b). 550 
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The accuracy increased particularly for Himawari-8 AHI (R2: 0.61 to 0.72, and rRMSE: 551 

25.38% to 21.57%) and resampled MCD43A4 (R2: 0.63 to 0.75, and rRMSE: 25.84% to 552 

22.73%) (Fig. 7 a and b). The comparison of LFMC estimates between Himawari-8 AHI 553 

and Landsat-8 OLI (Fig. 7 c and d) data showed a similar trend to that of Himawari-8 554 

AHI and MCD43A4 data (Fig. 7 a and c). Overall, Landsat-8 OLI-based LFMC estimates 555 

achieved the highest accuracy, followed by MCD43A4 and Himawari-8AHI. However, 556 

a restrictive homogeneity test filter (NDVICV<10%) decreased the differences in accuracy 557 

between these three data. Finally, LFMC was consistently underestimated, with 558 

Himawari-8 AHI data showing the most significant underestimation, followed by 559 

MCD43A4 and Landsat-8 OLI (Fig. 7). This underestimation was more apparent for 560 

LFMC higher than 120%. 561 

  562 
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Fig. 7 Estimated versus measured LFMC based on Himawari-8 AHI, Landsat-8 OLI, and 563 

MCD43A4 across field sites in Australia and China (p<0.05). The analysis includes data 564 

using a NDVICV<15% (a and c) and NDVICV<10 % (b, and d) site homogeneity filter. 565 

4.3 LFMC dynamics before the Queensland and Xichang wildfires 566 

The LFMC estimates derived from Landsat-8 and MCD43A4 data further 567 

corroborated the decreasing trend in LFMC leading up to the wildfires in both Queensland 568 

and Xichang (Fig. 8 and 9). For the Queensland wildfire case (Fig. 8), the MCD43A4 569 

LFMC product showed a modest decrease of less than <10% from an initial LFMC of 570 

110% between August 16th and 24th, followed by a more rapid decreased of 571 

approximately 20% from August 24th to September 4th. The Landsat-8 OLI LFMC 572 

estimates were available only for August 16th and September 1st, showing a decrease of 573 

approximately 9%. When the sub-daily Himawari-8-based LFMC was averaged on a 574 

daily scale, it also exhibited a decline of around 8% during this period. Similarly, for the 575 

Xichang wildfire case (Fig. 9), LFMC estimates derived from Landsat-8 OLI, MCD43A4, 576 

and daily averaged Himawari-8 AHI data showed declines of approximately 7%, 6%, and 577 

5%, respectively, within a 16-day period. 578 
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 579 

Fig. 8 Estimated averaged LFMC dynamics and trends over the Queensland wildfire in 580 

Australia from Landsat-8 OLI (blue line, 16-day scale), MCD43A4 (green line, daily 581 
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scale), mean Himawari-8 AHI (red line, sub-daily scale), and the minimum LFMC from 582 

Himawari-8 AHI (dotted red line, sub-daily scale) (top figure), as well as zoomed-in view 583 

of Himawari-8 AHI LFMC product, showing hourly intervals from August 16th to 584 

September 4th, 2019, captured every 5 days (bottom figure). 585 

 586 

According to LFMC estimates derived from Himawari-8 AHI data collected from 587 

August 16th and September 4th, 2019, every 5 days over the Queensland wildfire region 588 

(Fig. 8), the standard deviation (SD) of the hourly mean LFMC closely resembled the 589 

LFMC variation at the 16-day scale. Specifically, the SD of the 16-day mean LFMC was 590 

found to be 3.62% while the SD of the sub-daily hourly LFMC was 3.45%. Conversely, 591 

when examining the Xichang wildfire data (Fig. 9), it became apparent that the sub-daily 592 

hourly variation of LFMC, with an SD of the hourly mean LFMC at 2.51%, was greater 593 

than the variation observed at the 16-day scale where the SD of the 16-day mean LFMC 594 

stood at 1.74%. This observation suggests that LFMC may not exhibit significant 595 

variations at the same time on different days but tends to exhibit significant fluctuations 596 

at the sub-daily scale. In both areas, LFMC typically began to decline after 10:00 AM, 597 

reaching its lowest value around 2:00 PM - 3:00 PM before gradually recovering. 598 

Notably, on September 4th, 2019, the Queensland wildfire started from the northwest 599 

region at approximately 2:00 PM, coinciding with LFMC’s lowest daily value of around 600 

95%, representing a decline of approximately 20% since 10:00 AM. Similarly, the 601 

Xichang wildfire started around 4:00 PM and saw a decrease of approximately 15% in 602 

LFMC since 10:00 AM. 603 
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  605 

Fig. 9 Estimated averaged LFMC dynamics and trends over the Xichang wildfire in China 606 

from Landsat-8 OLI (blue line, 16-day scale), MCD43A4 (green line, daily scale), mean 607 
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Himawari-8 AHI (red line, sub-daily scale) , and the minimum LFMC from Himawari-8 608 

AHI (dotted red line, sub-daily scale) (top figure), as well as zoomed-in view of 609 

Himawari-8 AHI LFMC product, showing hourly intervals from March 13th to 30th, 610 

2020, captured every 5 days (bottom figure). 611 

5. Discussion  612 

5.1 Enhancing LFMC monitoring with sub-daily observations from Himawari-8 AHI: 613 

Implications for Wildfire Management 614 

This study presented the first sub-daily LFMC estimation from the Himawari-8 615 

geostationary satellite. Previous works detected sub-daily variations of vegetation water 616 

but from airborne MODIS/ASTER simulator (MASTER) (Cheng et al. 2013) and 617 

Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) instrument (Cheng et al. 618 

2014). Rather than LFMC, they estimated canopy water content (CWC) that includes LAI. 619 

In addition, LFMC depends on dry matter content, but CWC does not. These studies 620 

measured morning to afternoon declines on the ground of ~9% CWC on drip-irrigated 621 

nut tree orchards causing a ~4% decline in NDII (Cheng et al. 2013), but they did not 622 

assess natural vegetation. This study demonstrates that the sub-daily LFMC dynamics can 623 

be captured using observations from Himawari-8 at a large scale, contributing to 624 

monitoring fire danger and behavior over the course of a day. 625 

LFMC estimations in previous literature were mainly based on polar-orbiting 626 

satellite data, such as Landsat (TM, ETM+, OLI) and MODIS products (Chuvieco et al. 627 

2002a; García et al. 2020; Quan et al. 2017; Quan et al. 2021c; Sibanda et al. 2021; Yebra 628 

et al. 2018). Landsat-8 in combination with the new Landsat-9 improves the LFMC 629 

temporal resolution from 16 to 8 days of data (Lulla et al. 2021; Masek et al. 2020). 630 

Together with Sentinel-2A/B satellites, it is possible to estimate LFMC at 10-30 m spatial 631 
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resolution every 5 days or less, depending on the latitude (Garcia et al. 2020; Marino et 632 

al. 2020). Despite this, it is still unfeasible to capture sub-daily LFMC changes, like 633 

Himawari-8 AHI does every 10 mins. For MODIS, a morning and an afternoon product 634 

at a better spatial resolution than Himawari-8 AHI are technically possible for sub-daily 635 

LFMC monitoring, after an independent BRDF correction. Nevertheless, there are only 636 

two MODIS overpasses at daylight, from Terra satellite at ~10:30 AM and Aqua at ~1:30 637 

PM. Therefore, such MODIS product gives limited opportunities to obtain cloud-free 638 

images in comparison to Himawari-8 AHI and misses to capture the large LFMC decay 639 

observed from 10:30 AM to 2:30 PM by Himawari-8 AHI. The short-term variation in 640 

LFMC observed in this study with Himawari-8 AHI data exceeded those observed on a 641 

daily scale, highlighting the significance of sub-daily LFMC dynamics that could 642 

potentially influence fire behavior. Furthermore, Himawari-8 AHI LFMC could take 643 

advantage of the higher spatial resolution offered by Landsat-8 OLI and MODIS by fusing 644 

with data from these sensors through spatiotemporal time series analysis (Wang and 645 

Atkinson 2018; Zhou et al. 2021). 646 

Improved temporal LFMC estimates potentially result in better wildfire monitoring 647 

(Yebra et al. 2013; Yebra et al. 2018). Himawari-8 AHI has a relatively moderate spatial 648 

resolution (2 km), but it is still higher than the gridded meteorological data or soil 649 

moisture information used as a proxy of moisture conditions in many fire danger rating 650 

systems (Caccamo et al. 2012; Ruffault et al. 2018; Vinodkumar et al. 2021). In addition, 651 

Himawari-8 AHI is suitable for near real-time monitoring, as it has only ~30 mins latency 652 

time between satellite imaging time and the downloadable time from JMA. Instead, 653 

Landsat-8 OLI needs 15-17 days’ latency time for Level-2 surface reflectance from the 654 

USGS. This delay for users to access these data makes them unrealistic for near real-time 655 

LFMC for wildfire monitoring (Wu et al. 2019). MODIS 16-day composite MCD43A4 656 
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can be built within minutes of acquisition with their direct broadcast system 657 

(https://directreadout.sci.gsfc.nasa.gov/), but there are only two daylight overpasses per 658 

day.  659 

5.2 Challenges and considerations in sub-daily LFMC estimation using Himawari-8 660 

AHI Data 661 

This study demonstrates the promising potential of Himawari-8 AHI data for sub-662 

daily LFMC estimation. However, uncertainties are inherent in this database. For example, 663 

variations in solar zenith angles, particularly in the early morning and late afternoon (Fig. 664 

8 and 9). Despite efforts were made to account for the dynamic interplay between solar 665 

angles, scene geometry, and sensor observations in the acquisition of Himawari-8 AHI 666 

reflectance data, changes in solar angles still impact LFMC estimates by altering the 667 

proportion of shadow cast in the scene. However, it is important to note that the influence 668 

of solar angle variation on LFMC estimates is relatively minor compared to the 669 

pronounced sub-daily LFMC fluctuations. These sub-daily variations in LFMC may be 670 

attributed to the daily maximal vapor pressure defect (VPD), which triggers elevated 671 

transpiration rates (Griebel et al. 2023; Griebel et al. 2020; Griebel et al. 2022; Sun et al. 672 

2010). In other words, during periods of maximum VPD, there are short-term declines in 673 

LFMC, followed by a subsequent recovery. This midday decrease and subsequent water 674 

potential recovery is well documented in the plant physiology literature (Griebel et al. 675 

2022; Nolan et al. 2022; Nolan et al. 2018; Sun et al. 2010). Additionally, it is worth 676 

noting that weather conditions can also influence LFMC variations, but this relationship 677 

is non-linear and intricate. This complexity is particularly evident in regions with diverse 678 

climate patterns, vegetation species, and geographical conditions, as is the case in this 679 

study (Fig. S3). 680 
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The wide view angles of the Himawari-8 satellite, especially in areas such as western 681 

China, may introduce uncertainty in estimating LFMC, partly caused by the varying 682 

spatial size of the AHI pixel. However, this issue can be effectively mitigated by 683 

leveraging the Himawari-8 L1 Gridded data obtained from the AHI. This data has 684 

undergone official resampling procedures to ensure equal latitude-longitude grids and a 685 

spatial resolution at a nadir of approximately 0.02° (~2 km). Moreover, the selected sites 686 

typically have an area larger than 2 km × 2 km, especially in western China, to ensure the 687 

complete location of the AHI pixel within the site area, and maintain consistent species, 688 

weather conditions, and terrain characteristics within each site (section 2.1). Additionally, 689 

this study has thoroughly taken into account the geometric observation parameters within 690 

the PROSAILH RTM during the reflectance modelling phase. This RTM has been widely 691 

used for simulating BRDF, enhancing our ability to address geometric considerations. To 692 

comprehensively explore the impact of geometric observation on LFMC estimation, 693 

ongoing research is currently underway to compare LFMC estimates obtained from both 694 

Himawari-8 and Geostationary Korea Multi-Purpose Satellite-2A (GK-2A). Although 695 

these two geostationary satellites possess similar spectral configurations, they 696 

significantly differ in terms of their view angles. Specifically, Himawari-8 operates at 697 

approximately 140.7° E, and the GK-2A operates at around 128.2° E. This combination 698 

of shared spectral configuration characteristics and divergent viewing angles positions 699 

these satellites as ideal candidates for a detailed investigation into the impact of geometric 700 

observation on LFMC estimation. 701 

The heterogeneity within the coarse spatial resolution of the Himawari-8 AHI pixel 702 

also affected the validation accuracy. Sampling sites with highly heterogeneous 703 

vegetation were excluded at the 2 km Himawari-8 AHI spatial resolution based on 704 

Landsat-8 OLI when NDVICV > 15%, but the effect of heterogeneity still persisted. This 705 
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was demonstrated by the higher LFMC accuracy of 30 m Landsat-8 OLI and 500 m 706 

MCD43A4 data compared to the 2 km Himawari-8 AHI (Fig. 7). When the Landsat-8 707 

OLI and MCD43A4 data were resampled to a 2 km scale to match the Himawari-8 AHI, 708 

the accuracy of LFMC estimates decreased. Moreover, by applying NDVICV < 10%, the 709 

LFMC estimate increased for all these data, and the accuracy difference between these 710 

three data sets became smaller as more homogeneous vegetation leads to better LFMC 711 

estimations (Chuvieco et al. 2002b). 712 

5.3 Enhancing wildfire risk assessment with sub-daily LFMC and its role in the fire 713 

environment 714 

Three pivotal factors are essential for understanding the wildfire risk: topography, 715 

weather, and fuel; collectively shaped by the ‘fire environment triangle’ (Countryman 716 

1972; Pyne et al. 1996). In addition to this, ignition sources like lighting and human 717 

activities significantly contribute to wildfire occurrences (Abatzoglou and Williams 718 

2016; Andela et al. 2017; Chuvieco et al. 2021; Parisien et al. 2016). LFMC serves as a 719 

crucial component in forecasting ignition potential, while lower LFMC values indicate a 720 

higher wildfire potential (Rao et al. 2023; Yebra et al. 2013; Yebra et al. 2018). Quan et 721 

al. (2021b) previously modelled wildfire risk for China by considering daily MCD43A4-722 

derived LFMC data, but a higher temporal resolution in LFMC mapping offers distinct 723 

advantages for proactive wildfire risk assessment. With the sub-daily LFMC data 724 

presented in this study, there is the potential to enhance the wildfire danger assessment 725 

from a daily to a finely detailed sub-daily hourly scale. 726 

 727 
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6. Conclusion 728 

This study presented a novel approach, combining the GRG method and RTM, to 729 

achieve sub-daily LFMC estimations from Himawari-8 AHI data. The method effectively 730 

addressed the challenges posed by dynamic sun-target-sensor geometry and ill-posed 731 

RTM inversion, enhancing the accuracy of LFMC estimations. Field LFMC 732 

measurements conducted in China validated the sub-daily Himawari-8 AHI LFMC 733 

estimations, demonstrating reasonable accuracy. Comparison with other satellite products 734 

at the inter-daily scale yielded promising results, highlighting the potential of Himawari-735 

8 AHI LFMC data for wildfire risk assessment and behavior prediction. The GRG-RTM 736 

approach adopted here not only accelerated convergence, but also improved inversion 737 

accuracy for the LFMC estimations. Himawari-8 AHI’s continuous and near real-time 738 

data stream provides sub-daily LFMC information for wildfire risk and behavior 739 

assessment. While the Himawari-8 AHI LFMC product rendered similar performance in 740 

comparison to other inter-daily satellite products and also reasonable agreement with field 741 

LFMC data, further validation across broader geographic scales is recommended to 742 

ensure its applicability at the continental scale. 743 
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